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ing	 ice	cover	seems	to	have	 led	to	changes	 in	AMMs’	distributions	 in	the	marginal	
Arctic	region.
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1  | INTRODUC TION
The	decline	of	the	sea	ice	has	changed	the	Arctic	landscape	and	the	







and	 to	 prevent	 their	 exposure	 to	 human	 caused	 hazards	 (Helle,	
Jolma,	&	Venesjärvi,	2016).	Arctic	marine	mammals	 (AMMs)	spend	

















where	they	occur	 (Elith	&	Leathwick,	2009).	The	scarcity	of	 in situ 
observations	on	AMMs	has	so	far	restricted	the	attempts	to	assess	
their	 densities	 in	 large	 areas	 (as	 in	Matishov,	Chelintsev,	Goryaev,	
Makarevich,	&	 Ishkulov,	2014).	Utilizing	species	observations	 from	
complementary	sources	poses	a	high	potential	to	overcome	the	data	





(Ursus maritimus),	 Atlantic	 walruses	 (Odobenus rosmarus rosmarus)	
and	ringed	seals	(Phoca hispida),	and	studied	their	seasonally	varying	




The s1 and s2	axis	(h)	denote	the	axes	of	the	coordinate	system	used	in	spatiotemporal	model
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Sea	 during	 the	 study	 period.	 This	 is	 essential	 information	 in	 the	
Siberian	shelf	area,	which	has	been	little	studied	compared	to	other	




are	 essential	 for	 the	 functioning	of	 the	marine	ecosystem	as	 they	
control	populations	of	species	below	them	in	the	food	web	and	the	
balance	 in	 utilization	 of	 resources	 (Baum	 &	Worm,	 2009;	 Myers,	
Baum,	 Shepherd,	 Powers,	&	Peterson,	 2007).	Despite	 earlier	 esti-
mates	of	the	population	sizes	of	polar	bears	(3,200	±	1,100	individ-




2009;	 Lone,	Merkel,	 Lydersen,	Kovacs,	 and	Aars	 (2018);	Matishov	
et	al.,	2014;	Wilson,	Horne,	Rode,	Regehr,	&	Durner,	2014;	Wilson,	
Regehr	 et	al.,	 2017),	 have	not	provided	a	 spatiotemporally	 explicit	









Facility,	 2017),	 the	 methodological	 issues	 around	 incompletely	
known	sampling	efforts	(Warton	et	al.,	2013),	the	lack	of	reasonable	
covariates	or	a	mismatch	of	spatiotemporal	scales	between	covari-
ates	 and	 observation	 records	 still	 constrain	 the	 utilization	 of	 the	
data	(Rocchini	et	al.,	2011).	There	are	also	other	poorly	documented	
Arctic	 areas	 alongside	 the	Kara	 Sea,	where	 biodiversity	 estimates	










was	 defined	 as	 a	 region	 between	 the	 Eurasian	 continent,	 Novaya	









(see	 Table	3).	 Most	 of	 the	 species	 observations	 were	 made	 from	
survey	cruise	ships,	and	hence	the	data	consisted	of	maps	showing	
where	 the	 survey	cruises	had	 taken	place	and	of	 tables	and	maps	
showing	where	and	how	many	individual	species	members	had	been	
detected.








Distance	to	the	coast Grid 5	km² Calculated	based	on	
bathymetric chart




4  |     MÄKINEN aNd VaNHaTaLO
Most	of	the	species	sightings	(positive	valued	observations)	were	
published	as	 tables	with	precise	 information	on	 location,	 timing	and	
number	 of	 individuals	 observed.	 The	 absence	 observations	 were	




did	 not	 know	 the	 probability	 of	 observing	 an	 individual	 or	 a	 group	


















been	 made	 between	 January	 and	 March	 in	 2013	 without	 a	 spe-
cific	 time	stamp	and	so	each	observation	was	 located	to	February	
2013.	 The	 study	 of	 Svetochev	 and	 Svetocheva	 (2008)	 contains	
presence-	only	data	as	location	descriptions	based	on	local	people’s	
TABLE  2 The a priori	assumed	covariate	impact	on	species	occurrence	and	reasons	for	including	it	in	the	model
Covariate/







































































































ture	and	how	covariates	and	 random	effects	were	 included	 in	 the	
model.	More	information	on	how	our	methodology	arises	from	the	
PPP	 framework	 is	 given	 in	 the	 supplementary	material	 (Appendix	
S2).
The	Bayesian	hierarchical	framework	allows	us	to	model	the	ob-
servations,	 density	 processes	 and	 process	 parameters	 at	 separate	
levels	 (Wikle,	 2003).	 In	 the	 observation	model	 level,	 we	 describe	
the	 conditional	 distribution	 of	 the	 number	 of	 individuals,	 y(s,t,j),	




where	 the	 latent	 function,	 f(s,t,xs,t),	 denotes	 the	 logarithm	 of	 the	
relative	 density	 of	 a	 species,	 xs,t	 the	 vector	 of	 environmental	 co-




mean-	variance	 relationship	 so	 that	 mean	 E[y(s,t,j)]=ef(s,t,xs,t)+j and 
variance	 Var[y(s,t,j)]	=	E[y(s,t,j)]	+	E[y(s,t,j)]2/r.	 Hence,	 increasing	 r 
corresponds	to	decreasing	variance,	and	at	the	limit,	as	r	approaches	
infinity,	 the	 negative	 binomial	 approaches	 a	 Poisson	 distribution.	
The	overdispersion	parameter	r	accounts	for	spatially	and	tempo-










through	completely	and	 that	each	grid	cell	 visited	during	a	 survey	
might	 not	 have	been	 sampled	with	 the	 same	effort.	However,	 ac-
cording	to	the	original	publications,	we	can	assume	that	there	is	no	
systematic	variability	 in	sampling	effort	during	any	survey.	Hence,	
in	 the	process	 level	 of	 our	model,	we	do	not	model	 the	 expected	
abundance	of	a	species	as	an	absolute	count	of	individuals	in	a	cell,	




absolute	density,	and	hence	the	estimated	effects	of	environmental	(1)y(s,t,j)|f(s,t,xs,t),r, j∼Negative − Binomial(e
f(s,t,xs,t)+j ,r),
Species Years Season Source Non- zero/total Map
Polar bear 2013 Winter Matishov	et	al.	
(2014)
11/327 A



























































source	 and,	 hence	 do	 not	 vary	 depending	 on	 the	 survey.	 The	 un-
structured	 random	variation	 in	 sampling	effect	 in	 grid	 cells	within	







that	 cannot	 be	 explained	 by	 the	 covariates	 (Gelfand	 et	al.,	 2005;	
Vanhatalo,	Hosack,	&	Sweatman,	2017).	We	standardized	all	covari-
ates	 to	have	zero	mean	and	standard	deviation	of	one	 in	order	 to	
help	the	assessment	of	their	relative	importance	for	explaining	the	
data.	The	vector	of	 covariates,	xs,t,	 included	all	 the	 covariates	 and	
their	squares	so	that	the	responses	along	covariates	were	assumed	
to	be	quadratic.	This	is	justified	as	the	studied	species	may	have	fa-
vourable	 conditions	 in	 the	middle	 of	 the	 environmental	 gradients	
and	thus	their	responses	would	follow	a	hump-	shaped	form	(Elith	&	
Leathwick,	2009).	A	spatiotemporally	varying	random	effect	is	given	
a	Gaussian	Process	 (GP)	 prior.	GPs	 are	 a	 family	 of	 stochastic	 pro-
























in	one	direction.	We	modelled	 the	effect	of	 seals’	 relative	density	
on	polar	bears’	 log	 relative	density	with	a	Michaelis-	Menten	 func-
tion,	f(xs,t)	=	axs,t/(b	+	xs,t),	which	is	commonly	used	in	ecology	for	re-
sponses	that	first	increase	or	decrease	and	then	saturate.	It	defines	




the	 prior	 distributions	 for	 the	 parameters	 of	 the	 process	 model	
(Wikle,	2003).	We	gave	vague	priors	 for	 the	 intercept	and	 regres-
sion	 coefficients	 encoded	 by	 mutually	 independent	 zero	 mean	
Gaussian	 distributions	 with	 large	 variance;	 that	 is,	 βi ~ N(0,10)	 for	
all i and a ~ N(0,10).	 The	 variance	 of	 study	 effects	 and	 the	 pro-





∼Student− t+(0,1).	 Similarly,	 the	 inverse	 length-	scales	
of	 the	 spatiotemporal	 random	 effect	were	 given	 Student-	t	 priors,	
1/li	~	Student	−	t+(0,0.1)	 which	 favours	 smooth	 spatiotemporal	
trends.	The	overdispersion	parameter	of	the	negative	Binomial	dis-
tribution	was	given	a	gamma	distributed	prior	with	r	~	Gamma(2,.1).	
The	 half-	saturation	 point	 of	 the	 Michaelis-	Menten	 function	 was	
given	a	Gaussian	prior	b ~ N(0,10).
The	 models’	 hyperparameters	 were	 estimated	 with	 Markov	
chain	 Monte	 Carlo	 (MCMC)	 sampling	 using	 the	 GPstuff	 toolbox	







The	 models	 were	 used	 to	 predict	 the	 relative	 density	 of	 the	
species	 in	 the	Kara	Sea	 in	each	month	 in	 the	years	1997	to	2013.	
In	order	 to	assess	 the	effect	of	 spatiotemporal	 random	effect,	we	
made	 two	 separate	 predictions:	 one	 with	 the	 full	 model	 and	 an-






November)	 by	 averaging	 the	 expected	 values	 of	 relative	 densities	









































<1	month	which	 indicates	 that	 the	 spatiotemporal	 variations	did	not	
contain	temporal	trends.	The	variance	of	the	study	effect	term	in	the	
polar	bear	and	walrus	models	was	of	the	same	order	of	magnitude	as	





































Saturation	level:	a 4.33	(3.65–5.01) – –













(Table	4).	 However,	 this	 estimate	 was	 outside	 the	 range	 of	 pre-
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Applying	a	linear	model	on	logit	transformed	presence	and	absence	
observations	would	 have	 exposed	 the	 response	 estimates	 on	bias	
originating	from	spatiotemporal	autocorrelation	and	varying	survey	
effort.	Utilizing	data	from	many	seasons	allowed	us	to	track	the	sea-
sonally	 varying	 species’	 densities	 across	 the	Kara	Sea,	which	 is	 of	
interest	for	conservation	actions.
In	 previous	 studies,	 polar	 bears’	 abundance	 and	 population	
trends	have	mostly	been	related	to	ice	cover	and	type	(Lunn	et	al.,	
2016;	 Regehr,	 Lunn,	 Amstrup,	 &	 Stirling,	 2007)	 and	 attempts	 to	






tration	 cannot	 be	 fully	 disentangled,	 as	 seals	 are	 heavily	 depen-
dent	on	 ice,	 the	results	 indicate	that	the	relative	density	of	seals	
has	a	clear	positive	effect	on	 the	 relative	density	of	polar	bears.	
When	 excluding	 the	 seal	 covariate,	 polar	 bears’	 response	 to	 ice	
concentration	becomes	hump-	shaped	peaking	around	70%	of	 ice	






that	 in	 a	 simple	 trophic	 system	or	 in	 case	of	 a	highly	 specialized	














The	estimated	covariate	 responses	of	 seals	 support	 the	earlier	
hypothesis	 about	 seals’	 habitat	 characteristics	 in	 spring	 season.	
















the	 expected	 relative	 densities.	 Arctic	 wide	 vulnerability	 assess-
ments	do	not	consider	region	specific	distributional	changes	which	
may	actually	 support	 species	 relocation	 inside	 the	 area	 instead	of	
disappearance	 (Stirling	 &	 Derocher,	 2012;	 Wilson,	 Regehr	 et	al.,	
2017).	We	assume	that	the	shrinking	 ice	cover	has	caused	the	de-












shrinking	 ice	cover	as	 their	habitat	 requirements	are	more	 flexible	







the	 forecasted	 decline	 of	 the	 average	 ice	 concentration	 (Wang	 &	
Overland,	2012),	each	AMM	may	have	distributional	changes	ahead	












cies’	 densities	 in	 such	a	way	 that	 it	 cannot	be	explained	 solely	by	
ice	concentration.	However,	we	can	expect	that	such	a	variable	has	




and	 species’	 seasonally	 varying	 behaviour	 (Ferguson	 et	al.,	 2000;	
Jay,	Fischbach,	&	Kochnev,	2012;	Mauritzen	et	al.,	2003).	Spatially	
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smooth	random	effects	indicated	that	there	is	some	environmental	
variation	that	has	not	been	included	as	a	covariate	in	the	model.	The	
low	 temporal	 variation	 of	 the	 random	 effect	might	 be	 due	 to	 the	
strong	temporal	variation	of	ice	concentration,	which	keeps	the	spe-
cies’	densities	constantly	moving.
The	 other	 random	 effect	 accounted	 for	 the	 survey	 bias	 origi-
nating	from	varying	survey	protocols	 (Dorazio,	2014;	Fithian	et	al.,	
2015).	 Sampling	 bias	 is	 typically	 induced	 by	 presence-	only	 obser-








these	 variations	 have	 been	 captured	 by	 the	 overdispersion	 of	 the	

















of	 the	 relative	density	of	polar	bears.	These	examples	 illustrate	also	
that	by	comparing	 the	strength	of	 random	and	covariate	effects	we	
can	investigate	the	reliability	of	the	data.	For	example,	if	all	variability	
in	 the	data	was	captured	by	 the	survey	specific	 random	effects	and	
overdispersion,	those	data	would	not	contain	any	 information	about	
species’	actual	spatiotemporal	density.
The	 identifiability	of	 covariate	 effects	was	 slightly	 affected	by	






in	 which	 the	 species	 was	 observed.	 Ice	 concentration	 along	 with	
other	covariates	varied	smoothly,	so	this	may	not	have	created	much	
uncertainty	in	covariate	effects.
The	 procedure	 of	 creating	 species	 observations	 from	 ta-
bles	 and	 maps	 created	 some	 inaccuracy	 in	 data.	We	 estimated	
the	 digitizing	 error	 by	 calculating	 the	width	 of	 the	 transect	 line	
on	 the	 source	map.	 The	 error	 is	 16	km	 in	Matishov	 et	al.	 (2014)	
and	 Matishov	 and	 Dzhenyuk	 (2007)	 and	 33	km	 in	 Glazov	 et	al.	




frame	 to	 represent	 the	 cruise	 transect,	which	may	 create	 some	
temporal	 error.	 The	 spatial	 and	 temporal	 uncertainties	 related	
to	 transects	 is	not	expected	 to	produce	 large	errors;	 the	 spatial	
error	was	in	the	same	order	of	magnitude	as	the	resolution	of	the	
original	ice	concentration	data	and	covariates	did	not	vary	signifi-
cantly	 within	 the	 spatial	 error	 or	 along	 survey	 transects	 during	
the	survey	periods.	The	studies	without	survey	transects	(Table	3)	
were	 included	 in	our	analysis	as	 the	recorded	observations	con-
tained	numbers	of	observed	animals	which	is	informative	for	the	
response	of	 the	 log	relative	density	 to	environmental	covariates	







include	 transects.	 The	 study	 effect	 corresponding	 to	 these	 two	
data	 sources	 was	 positive,	 reflecting	 more	 animal	 observations	
than	on	average	within	all	the	data	sets.
Even	 though	 opportunistic	 data	 can	 provide	 useful	 new	 in-
formation	 for	 population	 surveys,	 such	 data	 are	 still	 suboptimal	
compared	 to	 carefully	 designed	 surveys.	 For	 example,	 the	 spa-
tial	extent	of	the	data	used	in	this	study	did	not	cover	the	whole	
Kara	 Sea,	 there	were	holes	 in	 the	 temporal	 coverage	of	 the	ob-
servations,	 and	 the	 environmental	 covariates	were	 rather	 crude	
estimates	 of	 the	 true	 environment.	Hence,	when	 estimating	 the	
distribution	over	the	whole	Kara	Sea	and	for	several	years,	we	are	
extrapolating	with	 respect	 to	 the	 environmental	 covariates.	 The	
coarseness	 of	 data	 prevented	 us,	 for	 example,	 from	 estimating	





absence	 observations	 are	 also	 essential	 for	 further	 analysis.	 If	
absence	observations	need	 to	be	derived	based	on	 survey	 tran-
sects,	 these	 should	be	 reported	preferably	 in	a	digitized	 format.	
The	 data	 repositories	 support	 the	 storage	 of	 vast	 spatiotempo-
ral	data.	Studies	should	include	details	of	their	detection	process,	
such	as	detection	radius	and	detection	probability,	in	the	supple-















We	 demonstrated	 how	 several,	 heterogeneous,	 open	 source	 data	
sets	can	be	 jointly	analysed	within	the	PPP	framework	to	produce	
new	 information	on	AMMs’	distributions.	Our	 results	suggest	 that	
the	 relative	 densities	 of	 polar	 bears	 and	walruses	 have	 decreased	
or	stayed	close	to	constant	in	the	Kara	Sea	during	the	last	20	years	
and	that	the	distribution	of	seals	has	shifted	from	the	Eastern	to	the	
Western	Kara	Sea.	The	decrease	 in	 the	 average	 ice	 concentration	
across	 the	 study	 region	has	driven	 these	 changes.	 The	 spatial	 de-
pendence	of	polar	bears	on	seals	was	significant.	This	demonstrates	
that	in	a	simple	trophic	system,	modelling	the	density	of	a	top	preda-
tor	 benefits	 from	 taking	 into	 account	 the	 density	 of	 prey	 species	
compared	to	using	environmental	variables.
Combining	 open	 data	 from	 different	 sources	 created	 a	 fairly	
large	 but	 heterogeneous	 data	 set	 for	 analysing	 AMMs’	 distribu-





riod.	The	approach	 is	cost-	efficient	as	 it	allows	 the	analysis	of	 the	
vast	amounts	of	existing	environmental	data.	Hence,	our	approach	
provides	important	advances	for	conservation	efforts	in	these	areas	
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